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Abstract

Most location-based applications for navigation purposes use
geolocation data, i.e., a pair of a latitude and a longitude,
to determine a real-time location of a handheld device (e.g.,
smartphones or tablets) that runs the applications. This can be
implemented basically by requesting a pair of a latitude and
a longitude from the device’s sensor that receives geolocation
data from satellites. However, telling a device’s location by GPS
sensor is sometimes impractical, especially when the device is in
a vehicle on a road that shares exactly the same geolocation with
other roads. Particularly, this is a scenario that there is a ground-
level road along with another elevated road (e.g., a turnpike)
which is very common in cities like Bangkok, Singapore, or
Hong Kong. The geolocation data yield no clue whether or
not a vehicle is running on a ground-level road. Since a pair
of a latitude and a longitude can no longer be used in such
scenario, we proposed a methodology to identify the correct
location of both a device and a vehicle without any involvement
of geolocation data by using a Random Forest classifier and real-
time traffic data that are able to be captured by a handheld device
as training features to train a classification model. A completed
experiment and results after testing the model were reported in
this article.
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1 Introduction

A location-based application has become a primary tool for
road traffic navigation. Most users run the application on a
handheld device such as a smartphone or a tablet. Furthermore,
some automobile manufacturers provide a simple user interface
to connect a smart device with a car’s screen via USB or
Bluetooth. This highly supports a navigation task since a map
can be displayed on a wide screen on a car’s console, which
is way more comfortable for a driver. Navigating a route via
location-based applications relies on a device’s location sensor,
which is a part that tells an exact location of the device by
a pair of a latitude and a longitude. The sensor retrieves a
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signal from the satellites and computes both a latitude and
a longitude. When the device has both values, it displays
the device’s location on the map. This whole process of
how a location-based application works fine and invulnerable.
However, there is a scenario that causes a device to misinterpret
a location [7, 9]. In a crowded city like Bangkok, Singapore
City, or Hong Kong, it is very common to see a ground-
level road along with an elevated road above it. Since both
roads are exactly located on the same location, every pair of a
latitude and a longitude that belongs to the ground-level road
also belongs to the elevated one as well. This confuses a
device to distinguish what road a vehicle is on and leads to an
incorrect navigation that can result in a major detour. Figures
1 and 2 show examples of roads that are under this condition.
Figure 1 shows Borommaratchachonnani (Bor-Rom-Ma-Raj-
Cha-Chon-Na-Ni) Elevated Road which is a 15-meter elevated
from the ground while Figure 2 shows Borommaratchachonnani
Frontage Road. Both roads are located in the city of Bangkok,
Thailand. These east-west roads are 16-kilometer long that have
an east end in the downtown of Bangkok and a west end at the
west border of Bangkok (Figure 3). We would like to see how
an application navigated when we drove on the frontage road.
Our starting point was at the west end of the frontage road.
Before we started, we set the destination on an application to be
a shopping mall located at the north of Bangkok, particularly,
Central Plaza Westgate. The location-based application that we
used was Google Maps for Android. The device that we used
was Samsung Galaxy Note 5 (2015). It turned out to be that the
application understood that we drove on the elevated road, so
it navigated us to take the closest exit to leave the elvated road
then make a u-turn. However, the navigation was a major detour
(Figure 4). We could have made a left turn at the intersection to
head right to the north but the application did not think we can
do this because it thought that we were not on the ground-level
road. We did the same experiment on another day and found out
that the application still navigated incorrectly. It still understood
that we were on the elevated road (Figure 5). For this example, if
we followed a navigation from the application, the detour would
cost us significantly around 10 kilometer.

One question could be asked if there is a way to tell an altitude
of a device. An altitude is a metric that informs a y-distance
from the sea level. Clearly, knowing an altitude technically
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Figure 1: Borommaratchachonnani Elevated Road (image
source: www.dailynews.co.th).

Figure 2: Borommaratchachonnani Frontage Road (image
source: Google Maps Street View).

could do the trick. A GPS sensor in a smart device (plus a
barometer sensor) is capable of retrieving an altitude from the
satellites as well although the device itself does not have a built-
in altimeter. However, an issue about an accuracy might exist in
some conditions. In general, we can expect around ±23 meter
for vertical error (altitude), which is around 1.5 times greater
than horizontal error (latitude and longitude) [6, 5]. Since
a vertical difference of most elevated and ground-level roads
are usually less than 20 meter, an altitude calculated via this
method is not dependable. For instance, the vertical difference
between Borommaratchachonnani Elevated Road (Figure 1) and
Borommaratchachonnani Frontage Road (Figure 2) is about 15
meter. It is also quite impractical for smart device manufacturers
to equip a device with an actual altimeter since a demand to
know an altitude for most users is uncommon.

With the problem being raised, we proposed a geolocation-
free solution to determine whether a vehicle/device was on an
elevated road or a ground-level road by using a set of real-
time traffic data to train a classification model. By the term
“real-time traffic data”, we considered every possible metric
that an average smart device was able to capture by its built-
in sensors/features plus some aggregated data from further
computation process. This set of data is detailed in Section 3.

We ran the preliminary experiment by choosing
these Borommaratchachonnani Elevated Road and
Borommaratchachonnani Frontage Road to collect data
[11]. This data gathering process was conducted by driving
on each road multiple trips and enabling an Android device
to run our own application that invoked all built-in sensors to
collect real-time data corresponding to the sensor. We set up
a driving schedule in a way that it covered most days (days of

Figure 3: A layout of both the roads illustrated by Google Maps.

week), time (time of day), and direction bounds (eastbound and
westbound) to prevent a bias that might occur from imbalanced
or inadequate feature values. The application automatically
logged a new instance of data every two seconds. We trained
two classification models using Random Forest and Bagging
(with REPTree as a base classifier), respectively, as a classifier.
The first model resulted in 99.7563% accuracy. The second
model resulted in 93.4315% accuracy.

The structure of this paper is as follows. The first section
introduces the problem scope with the proposed solution plus
the results from the preliminary work. The second section refers
to related work. Sections 3 and 4 discuss about a methodology
and results obtained. The last section concludes this study and
sheds some light to a possible future adaptation.

2 Related Work

It is quite true to say that a location-based application is
necessary for most users of smart devices. A location-based
application is capable of serving several purposes. Several
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Figure 4: Navigated Routed from Google Maps on January 17,
2019.

studies integrated a location-based application with a census
activity. Batinov et al. [1] proposed a detection pattern that can
distinguish if a participant’s spatial visualization (VZ) [8, 17]
was low or high by analyzing their sequences of taps they made
on the tablet screen while using it to perform address verification
activity. Similarly, PatanasakPinyo et al. [10, 12, 14, 15, 16]
did three studies that invited participants to verify addresses
in the neighborhood using a location-based application on a
tablet and found that there were some metrics that significantly
could be used to identify a participant’s spatial visualization
such as a total number of pans, a total number of zooms, etc.
PatanasakPnyo et al. [13] proposed a concept of empowering
an indexing ability to a traditional raster map widely used
by location-based applications. Sulaiman [19] verified that
such metrics were still reliable even though an environment
of an address verification task was changed from an actual
neighborhood to a virtual reality. Whitney [20] enhanced an
address verification task by combining a concept of a location-
based application with a virtual reality. One popular activity
that involved with location-based application is navigation.
Most map applications such as Google Maps are designed and
developed for the task of navigation with highly acceptable
accuracy, which depended on a location sensor of a smart device
(GPS) [3, 4, 18]. Lin et al. reported issues that were found when
relying on GPS for navigation purposes [2]. Misinterpreting an
exact location because of a difference in altitude is one difficulty

Figure 5: Navigated Routed from Google Maps on January 25,
2019.

users have to deal with when asking the application to navigate
in cities with limited area [7, 9].

3 Methodology

We replicated the methodology previously implemented by
PatanasakPinyo [11] by collecting all possible real-time traffic
data that a device’s sensor was able to retrieve while targeted
driving on an actual road. The roads targeted for this study were
Bangna - Chon Buri Expressway and Bangna – Trat Frontage
Road. Both elevated and ground-level roads are east-west roads
that located in Thailand (Figure 6). The methodology of this
study consists of Study Design, Data Gathering, and Model
Implementation.

3.1 Study Design

Since our objective was to develop a classification model
that can correctly classify whether a vehicle is running on an
elevated road or a ground-level road without involvement of
any geolocation data (latitude, longitude, altitude), we have to
include metrics that a standard smart device can retrieve using
its built-in sensors as many as possible. After exploring a device
that we would use to collect data in this study (2019 Samsung
Galaxy Tab A), we came up with a list of variables that the
device was capable to collect as follows:
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Figure 6: Bangna - Chon Buri Expressway located above
Bangna – Trat Frontage Road (image source:
www.dailynews.co.th).

1. Distance (distance): A distance representing how far
a vehicle moved within a 2-second interval (we preset
the interval). A distance was obtained by computing a
difference between two points (start and end) at a certain
time tick.

2. Speed (speed): A speed of a vehicle at a certain point of
time. A speed was obtained by a fraction of distance to
time (2 second).

3. Direction (direction): A direction that a car was heading
to. It was computed by evaluating an angle α between a
line segment 〈ps, pe〉 and a line y = 0 where ps and pe are
a start point and an end point of a certain time interval,
respectively.

4. Light Intensity (lux): A light intensity that can be
retrieved by a light sensor which always comes with most
smartphone devices.

5. Time: A timestamp that consisted of hour (hour) and
minute (minute).

6. Day-of-Month: A day of month.
7. Day-of-Week (day): A day of week.
8. Bound (bound): A direction bound that informs which

side of the road that a vehicle was running on, which can
be either eastbound or westbound.

9. Road Type (road type): A class variable indicating
whether a vehicle is on an elevated road or a ground-level
road.

After we had a set of variables ready and stable, we then
developed an Android application that retrieved those variables
and recorded as a log file (with CSV extension for easily
compatible with most statistics and data science software tools
such as R or Python). Note that when we finished the data
gathering, we decided not to include Day-of-Month in the set of
features because we did not have data of every day (of month)
equally, which might lead to an imbalance problem that would
insignificantly contribute to the model.

3.2 Data Gathering

For the process of data gathering, we selected Bangna -
Chon Buri Expressway and Bangna – Trat Frontage Road as an
elevated road and a ground-level road, respectively. Both roads
lie east-west and link Bangkok, a capital city of Thailand, with
Chon Buri, a famous tourist cities in Thailand. The two roads
are located on the north of Thai Gulf. Figure 7 shows both
roads on Google Maps. To collect data, we drove along the
road while enabling the application to automatically get values
of all variables from the device’s sensors and log them. The
application was set to refresh the logging task every two second
as previously mentioned.

Figure 7: Layout of Bangna - Chon Buri Expressway and
Bangna – Trat Frontage Road on Google Maps.

To have data balance in most variables as much as possible,
we managed to have a similar number of trips of elevated
road & ground-level road, eastbound drive & westbound drive,
daytime drive & nighttime drive, and balanced day of week
(Sunday to Saturday) since a day of week affects traffic, which
might contribute to a prediction model. After data gathering
processing, we logged 24362 instances, which can be divided
into 11095 instances of the elevated road and 13267 instances
of the ground-level road.

Table 1 shows examples of instances of data in the log file
comparing with the old one from PatanasakPinyo [11] (Table
2).

3.3 Model Implementation

We inherited a concept from PatanasakPinyo [11] to
train a classification model to classify the road type
using a Random Forest as a classifier to observe whether
there existed any differences when training data were
collected from different roads, particularly, Bangna - Chon
Buri Expressway and Bangna – Trat Frontage Road,
rather than Borommaratchachonnani Elevated Road and
Borommaratchachonnani Frontage Road. We decided to use R
as a tool to filter and handle pre-processing the raw data. We
partitioned the data set into a training set (70%) and a test set
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Table 1: Instances of data collected from data gathering process.

(30%). The variables that were fed as the model features were
day-of-week, hour & minute, distance, speed, direction, light
intensity, and direction bound. A class attribute was a type of
the road (elevated/ground). The final model was trained in R
using Caret Library to handle Random Forest. For train control,
we chose to implement a 10-fold cross validation. Since other
important training parameters such as mtry (i.e., a number of
variables to be randomly sampled as candidates at each split in
a tree) were not predefined, we trained the model multiple times
to obtain optimal values of those training parameters as well.

Table 2: Instances of data in the preliminary study [11].

4 Results and Discussion

To come up with the most optimal classification model, we
needed to assign training parameters to be a certain value that
we had not known until we did experiments. Hence, the first
half of this section is to report results from experiments to select
the best values of each training parameter. We then reported
results of training and testing of the classification model along
with important statistics.

The first training parameter was mtry. An mtry is a number
of variables to be randomly sampled as candidates at each split
in a tree. We trained a model by using a value from one to eight.
After training, we found that mtry = 3 is the most optimal.

Next, we trained a model to find the optimal value of
maxnodes. A maxnodes is a maximum number of nodes in a
tree. We tried values from five to fifteen. After training, the
best value was maxnodes = 14, which yielded an accuracy of
0.941349 (Table 3).
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Table 3: Accuracy Rates of Different Values of maxnodes.

The last one was the number of trees in the forest (ntree). We
tried values from 100 to 900. After training, the best value was
ntree = 100, which yielded an accuracy of 0.9431085 (Table 4).

Table 4: Accuracy Rates of Different Values of ntree.

After we had optimal values of training parameters (mtry,
maxnodes, ntree), we assign those values in the model
configuration and trained the final model. The final model
yielded an accuracy of 0.9245 with (0.9182,0.9304) as 95%
confident interval when we tested the model with the test
set. The test set had 7309 instances of data. The 3086
instances of elevated road were correctly classified while 287
were incorrectly classified as a ground-level road. The 3671
instances ground-level road were correctly classified while 265
were incorrectly classified as an elevated road. The first five
important variables sorted by variable importance were lux,
hour, speed, day, and distance. Figure 8 shows the completed
test result (confusion matrix and statistics) generated by Caret.

Figure 8: Confusion Matrix and Statistics after Testing the
Model.

We also trained one more model to see how much better
a classification model would be if we included an altitude in
the feature set regardless of the fact that the accuracy level
of an altitude retrieved by a GPS sensor in an average-grade
smartphone was not reliable if a difference in height was less
than a specific threshold. With this model, we replicated what
we did previously. We used the same training and test data sets
as well as all presets to ensure that every factor was properly
preserved except that the feature set, particularly, we added
altitude to it.

With the classification model that included an altitude, we
found that mtry = 2 was optimal for this case. Next, we looped
through various values of maxnodes from five to fifteen. It was
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showed up that maxnodes = 15 is optimum. Table 5 shows an
accuracy rate for each value of maxnodes.

Table 5: Accuracy Rates of Different Values of maxnodes.

Similarly, we lopped through various values of ntree and
found that the best case was when ntree = 100. Table 6 shows
an accuracy rate for each value of ntree that we tried.

We trained the final classification model that included
an altitude one last time using optimal values of training
parameters that we just retrieved. After we got the model, we
fed the test data set to it to observe a performance. The model
yielded an accuracy rate of 0.9793 with (0.9758, 0.9825) as 95%
CI. In 3304 instances of elevated road were classified correctly
while 69 instances were incorrectly classified. On the other
hand, 3854 instances of frontage road were correctly classified
while 82 were incorrectly classified. Figure 9 shows test results
and related statistics.

The model reported the first five important variables as
altitude, lux, hour, distance, and speed. All of them were
overlapped with a set of important variables of the first model
(the model without an altitude) except altitude. Figures 10, 11,
12, and 13 show box plots of distribution of instances of data
(only the training data set) group by each important variable,
particularly, lux, hour, speed, and distance so the reader can
view a behavior of training data. Note that we omitted day
because it contained factor data.

After comparing both results from the two models (with and
without an altitude), we found that having an altitude did not

Table 6: Accuracy Rates of Different Values of ntree.

Figure 9: Confusion Matrix and Statistics after Testing the
Model.

significantly help improving the model’s performance.
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Figure 10: Box plots illustrate a distribution of lux of both
classes.

Figure 11: Box plots illustrate a distribution of hour of both
classes.

5 Conclusions

In this study, we developed a classification model that
was capable of classifying the road type that a vehicle was
running on if it was an elevated road or a ground-level road
where a traditional location-based application cannot do using
geolocation data since both roads share exact pairs of a latitude
and a longitude all along the way. We inherited a methodology
from PatanasakPinyo [11] to train a model using Random Forest
as a classifier with 10-fold cross validation as a train control.
The training parameters were examined to ensure that they were
the most optimal. The data that were used in this study were
collected from driving on Bangna - Chon Buri Expressway

Figure 12: Box plots illustrate a distribution of speed of both
classes.

Figure 13: Box plots illustrate a distribution of distance of both
classes.

and Bangna – Trat Frontage Road. Both roads are located in
Thailand. The result of testing the model showed an accuracy of
0.9245 with a 95% CI of (0.9182,0.9304). For future extension
of this study, we are going to do a cross-test by testing our
classification model on data set used in [11].
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